Three dimensional (3D) imaging technologies, in particular 3D laser scanners, are becoming more accessible and more accurate. These advances are providing engineers and architects with vast quantities of raw, geometric data. While this data is visually appealing and intuitive to the human eye, it contains very little meaning beyond that. The research presented in this article presents and compares methods for attributing meaning to dense 3D point clouds. Two of the methods developed and presented utilize 2D and 3D Hough transforms to represent the points as lines and planes. The third method uses point segmentation techniques to group points belonging to the same plane. The initial focus is on structural steel systems and connections modeling for analysis of re-use. The advantages and disadvantages of each method are outlined, and each method is evaluated for its potential to provide engineers and architects with useful and meaningful point clouds from 3D laser scanners. The point segmentation techniques exhibit the most potential by allowing for the location and orientation of any surface to be identified.
INTRODUCTION
Incorporating new structural components into an existing design is a difficult process whether a single beam is being added for a rehabilitation project or an entire addition is being constructed. The difficulty arises because buildings do not exist exactly as they are designed and documented. There are many reasons for the discrepancy including: (1) the fabrication tolerances that are associated with all constructed facilities, (2) the human errors that may occur during construction, and (3) the alterations that may have been made to a structure during its service life.
Fortunately, 3D terrestrial laser scanning technology presents an opportunity for the engineer to obtain large quantities of geometric data from existing sites. Laser scanners record 3D geometric data as points with x, y, and z coordinates on the surface of the structure. The location of these points is calculated based on azimuth and elevation angles of the scanner and the distance to the surface, which is determined by time-of-flight or phase based methods. Time-of-flight technology calculates distance based on the known speed and the delay between sending and receiving the signal. Phase based scanners compare the phase of the sent signal and received signal to calculate the distance to the target. Both types of laser scanners have recently become faster, more accurate, more portable, and less expensive.
The improvement in laser scanning technology has made it possible for researchers to use it as a reliable data collection tool. In the field of civil engineering, much of the research effort has been focused around maintaining and updating building information models (BIMs). Bosché (2009) presents a method for calculating and monitoring the progress of a construction site, which builds on an algorithm by Bosché and Haas (2008) . This method requires a 3D point cloud and a 3D CAD model and begins by registering the point cloud and the CAD model into the same coordinate system. An algorithm then checks for the existence of CAD objects on the premise that points in the point cloud will be present very close to the surface of objects in the CAD model. Preliminary results are also presented in this reference on the possibility of automatically performing a dimensional compliance check. However, these results are inconclusive.
Other research has been conducted in the area of dimensional compliance, such as the work presented by Tang, Huber, and Akinci (2011) . In this study, laser scanner data was used to verify the flatness of concrete construction. Various algorithms were implemented and compared. Factors that influenced the accuracy of the results were also investigated. A similar study was conducted by Al-Neshawy et al., (2010) where laser scanners were used to determine the shape of marble façade panels that have become concave or convex due to deterioration. Both of these flatness studies were developed with the assumption that the area of interest is perfectly flat.
A common limitation with scan vs. BIM research is that a priori knowledge about the structure is required. BIMs and point clouds are being compared in order to update the BIM. In the case of many structures, BIMs do not exist and the process of creating one from structural drawings, if structural drawings exist, is a time and labour intensive exercise. Missing BIMs or structural drawings is particularly common when dealing with older buildings, which are more likely to require some form of rehabilitation. The main priority for a structural designer is to know the size and relative location of components. For this reason, it is important that structural engineers have access to a tool that allows them to obtain the type of information they need from the point cloud with minimal pre-processing work required.
One of the most widely recognized ways of processing and automatically finding features in a point cloud without detailed a priori knowledge is through the use of the Hough transform. The Hough transform is a powerful shape identification tool in the field of machine vision. This tool was extended by Ballard (1981) , giving it the capability to detect arbitrary shapes in 2D images. However, in its most basic form it detects lines in black and white images. The Hough transform in 3D has been extensively studied. Borrmann, Elseberg, Lingemann, and Nüchter (2011) present a review of five different implementation methods for detecting planes in 3D point clouds. Among these approaches are probabilistic methods and randomized methods with the goal of reducing computing time while maintaining robustness and accuracy. These methods have not yet been developed to a point where automated measurements of civil engineering objects can be taken. This results in engineers relying on the manual measurement of point-to-point distances to determine component dimensions.
SCOPE
Multiple stages of development and implementation would be required in order to provide structural designers with a tool for obtaining detailed information about the size and location of components for the purpose of assessment and rehabilitation design. In many cases, this effort is complicated by the lack of a priori knowledge. The overall goal of this research is to develop such a tool.
The research presented in this paper is limited to a preliminary investigation of three potential methods for attributing meaning to an otherwise unorganized point cloud. These methods are selected and evaluated based on their potential and suitability for use in point cloud analysis tool for structural designers. The methods in this study were manually compared to the as-built geometry.
The full, and future, development of any of these methods would allow the engineer to eliminate much of the analysis time associated with using point cloud data for structural steel identification, thereby reducing the time and cost of analyzing existing structures.
METHODOLOGY
The research presented in the current paper was conducted in three stages. Each stage involved the implementation and analysis of one possible method for attributing meaning to a dense 3D point cloud. Each method was tested using the point cloud of a sculpture made from structural steel sections (see Figure 1 ). 
Hough Lines Method
The goal of this method was to convert the dense point cloud into a dense 'line cloud', consisting of many lines in global coordinates, which represent the scanned structure. The Hough transform was utilized in order to calculate the locations of the lines for this method.
The first step in creating a line cloud was to split the original point cloud into 'slice point clouds' by slicing the data orthogonally to the global z-axis. Each of these (a) (
slice point clouds represented a thin slice of points. Each point in this slice was then projected onto a plane that was orthogonal to the z-axis, as shown in Figure 2a , and was located at the average z-coordinate of the upper and lower limits of the slice. The data points that have been projected onto the plane were then converted into a black and white, binary image. This image was used as input into the Hough transform for line detection in 2D. The detected lines for the sample slice are shown in Figure 2b . The Hough transform used for this task required various input parameters, such as the maximum number of lines to be detected and the threshold used to differentiate between points that are considered to be part of a line and points that are not considered to be part of a line. The value of these parameters impacted the results given by the Hough transform but their effect was not investigated as part of this study. In this exploratory study, values for all parameters were selected manually in order to achieve desirable results for the sample data set being used.
Figure 2. (a) Sliced data points projected onto a plane and (b) lines detected in the resulting binary image
The process of slicing the point cloud data and then calculating lines in each of the slices was repeated in the two other orthogonal directions. After all the lines from each slice along each of the three orthogonal directions have been calculated, the lines were reconstructed into global coordinates. This resulted in a sparse line cloud that represented the original structure.
The next step in the Hough Lines Method was to convert the sparse line cloud into a dense line cloud. To begin this process, a line was selected from the sparse line cloud. This line was used to sample the point cloud by selecting points that were within close proximity to the line. For this study, points that were within a distance that was equal to the original slice thickness were considered to be within close proximity to the line. Once this subset of the point cloud was selected, a similar process was conducted of splitting the point cloud, creating binary images, detecting lines and reconstructing the lines in global coordinates. There were only three differences between the first instance of the procedure and the second. In the second instance of the process only the point cloud subset was used. The thickness of the split was significantly smaller -for the study presented in this paper, the second slice thickness was one tenth that of the first. Lastly, only one line was detected in each slice of the point cloud subset. Only one line needed to be detected in each slice, since (a) (b) the objective of this step is to provide more detail and accuracy for each line that was originally detected.
Hough Planes Method
The Hough Planes method began exactly as the Hough Lines method did. The point cloud was first split and then lines were found in the binary image of each slice before reconstructing the lines in global coordinates. Each line was also used to select a subset of point cloud points that were within close proximity to the line.
Once a point cloud subset has been selected, a Hough transformation for detection of planes in 3D was used to find the most appropriate plane to replace the line. This process was repeated for each line and the planes were reconstructed in global coordinates. The Hough transform was used, rather than a least-squares fitted plane, in order to reduce the impact of noise and outliers on the final results. These outliers will not likely significantly influence the peak in Hough space.
The Hough transform was implemented in a way that was similar to the standard method outlined by Borrmann et al. (2011) . Each point in global coordinates was converted into a curved plane in Hough space where the x, y, and z coordinates give the plane its shape and location. The area where the highest density of intersection exists was the location in Hough space that translated to the most appropriate plane in three-space. After the equation of the most appropriate plane was found, its limits could be determined based on the limits of the points that were used to find the plane. Each plane could then be plotted in global coordinates to represent the entire structure.
Point Cloud Segmentation Method
The Point Cloud Segmentation Method worked in a similar manner to the method presented by Xiong, Adan, Akinci, and Huber (2012) . In this method, data points were segmented into clusters of points, or groups, which represented the same plane on the structure. A plane was then fit to each group and reconstructed in global coordinates.
Segmenting points that represent the same plane required that the noise be eliminated from the points. Carr et al. (2003) presented a method for eliminating noise from 3D point clouds. This step in the processing was not completed as a part of the current study and, as such, the 3D point cloud data that was used for this section had the noise eliminated before processing began. This data can be seen in Figure 3 . The data was modeled after a standardized steel cross section of a wide flange beam. With the noise eliminated, the normal vectors for each point could be calculated. Klasing, Althoff, Wollherr and Buss (2009) presented a comparison of various methods for calculating the normal vectors of points in a 3D point cloud. The specific method employed for calculating the normal vectors was not important, as long as the vectors were accurate and the computing requirements were not prohibitive. This research utilized a singular value decomposition to calculate the normal vector of each point based on its nearest neighboring points. After that the normal vectors have been calculated, individual clusters were seeded and grown to include nearby points that have a normal vector that differs by less than a threshold limit. A detailed explanation of this process is provided by Shi, Liang, and Liu (2011) . An important parameter in this process was the spacing between the cluster initialization points. The clusters would be very small if a tight spacing was used, which would result in high computation effort, but details could be lost if a loose spacing was used. As an additional step to this process, neighboring clusters with normal vectors that differ by less than the threshold can be merged into a single cluster.
After the data points have been grouped, an individual plane was fit through each cluster. These planes were then reconstructed in global coordinates to give a full representation of the structure.
RESULTS

Hough Lines Method
Final results from each phase of the Hough Lines Method can be seen in Figure 4 . Figure 4a shows the lines that have been found and reconstructed in global coordinates from the first, course splitting process. Figure 4b shows the lines that have been found from the refined splitting process, using a thin slice thickness. 
Hough Planes Method
For visualization purposes, only a single point cloud subset and its fitted plane are displayed in Figure 5 . A plan view of this individual case can be seen in Figure 5a with the plotted most appropriate plane in Figure 5b .
Figure 5. (a) Point cloud subset in 2D and (b) its fitted plane in 3D Point Cloud Segmentation Method
For the simulated data given in Figure 3 , the Point Cloud Segmentation Method effectively grouped points with similar normal vectors and close proximity. Figure 6 shows the grouped data with individual groups being shown using different shades. It is important to note in Figure 6 that shades are reused but neighboring groups are shown in different shades. As a result it may appear as though one group contains two clusters of points that are not close to one another but this is not the case. Many different subsets of points were identified and a plane could be fit through each one in order to reconstruct the structure in global coordinates. algorithms used in this method were relatively basic and not computationally intensive. Despite its minimal computational requirements, many of the lines displayed in the dense line cloud (Figure 4b ) were redundant. These redundant lines result from slicing the point cloud in three orthogonal directions. Unfortunately, creating a dense line cloud from a dense point cloud does not provide enough meaning to the data to make it particularly useful to structural designers. The example of a designer attempting to locate the web of a wide flange beam illustrates this problem well. With a dense line cloud the designer would be able to select and inquire about a line in their area of interest. Knowing the location and direction of a single line does not define the web since a web running North-South can contain the same line as a web running East-West. For this reason, a dense line cloud is not semantically rich enough for direct use in structural design.
Another issue with this method was its inability to handle members that do not lie orthogonal to one of the slicing directions. As these members are sliced and projected onto a plane, their points often resemble uniform noise and therefore the lines defining their geometries were not easily detected. While it is true that members in structures are often orthogonal to one another, non-orthogonal members are equally important to detect for the purposes of structural design.
Hough Planes Method
The Hough transform was able to accurately acquire the equation of a plane in the sub point clouds that were isolated using the slicing procedure. When the planes were reconstructed in global coordinates, it provided a representation of the entire structure. In its current state, the Hough Planes Method reconstructs the plane across the limits of the point cloud subset. In order to provide an accurate representation of the structure, the limits of the plane need to be constrained to the limits of the point set that the plane is being fitted to, excluding the outlier points. The resulting representation of the initial point cloud provides the designer with a set of planes. These planes provide the location of component faces that can be used for important tasks such as specifying tie-in locations for new components.
This method was able to identify large planes because the size of the point cloud subset for plane detection was determined by the size of the line that was found during the initial slicing procedure. The current slicing procedure has the potential to detect many redundant lines. These redundant lines should be removed before the plane detection step in order to reduce computational efforts.
The most significant downside of the Hough Planes Method is its difficulty in detecting members that do not lie on one of the three orthogonal slicing planes. As in the Hough Lines Method, if a member is not orthogonal to one of the slicing planes, a line will not be detected and it follows that the Hough Planes Method will not attempt to fit a plane to that area.
Point Cloud Segmentation Method
The Point Cloud Segmentation Method performed well at clustering groups of points with similar normal vectors that were in close proximity to one another. A plane could be fit to these clusters and reconstructed in global coordinates to provide the structural designer with a representation of the entire structure. The results from this study showed some potential for this method to be a useful tool for structural designers in the future. This method could result in a tool that allows designers to select a plane on the structure in their area of interest. The location and orientation of this plane is enough information for a designer to accurately calculate the size and position of any new components that will be physically interacting with (i.e. connected with or passing near) the region associated with that plane.
One of the possible shortcomings of this method was the inability to characterize long edges of the structure. The Point Cloud Segmentation Method resulted in a number of small planes being reconstructed in global coordinates. Some of these planes were inevitably at an edge of the structure but long edges would be represented by many different planes. Another shortcoming was the difficulty the in separating opposite sides of thin plate members, for example the thin web of a wide flange beams. The developed method was not able to differentiate between opposite sides of a thin plate because the segmentation algorithm was created on the assumption that any points in close proximity and with similar normal vectors would belong to the same plane. This is true in most cases but not for thin plates. This problem resulted in the fitted plane being placed inaccurately.
CONCLUSIONS
The results of this research are expected to provide useful information for the development of a tool that allows structural engineers to access the geometrical information that they need -namely, the size and location of physical componentsfrom point clouds obtained through 3D laser scanning. The Hough Lines Method was visually appealing but did not provide adequate semantics to the structural designer for it to be useful in such an analysis tool. The Hough Lines method also failed to consistently identify members that did not lie on one of the orthogonal slicing planes. The Hough Planes Method was able to reconstruct the structure with large, semantically rich planes but, similarly to the Hough Lines Method, it was unable to handle non-orthogonal components. The Point Cloud Segmentation Method was able to reconstruct the structure with small, semantically rich planes. Although small planes make certain operations, such as long edge detection, difficult, this problem can be overcome by implementing cluster merging algorithms. This method does, however, exhibit difficulty in differentiating between opposite sides of thin plates.
This research shows that, from a comparison of the investigated methods, the technique with the most potential for providing structural designers with the size and location information that they need is the Point Cloud Segmentation Method.
RECOMMENDED FUTURE WORK
In order to provide structural designers with a useful tool, the Point Cloud Segmentation Method should be improved through the following future work: implementing pre-processing algorithms to eliminate noise from the point cloud; implementing more robust and efficient point segmentation algorithms; implementing cluster merging algorithms to increase the detected plane size; and developing a method for differentiating opposite sides of thin plates.
In addition to this work, the effect of altering the segmentation threshold should be investigated. A more stringent threshold could potentially lead to defect
